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Abstract Pingwu County of Sichuan Province was
severely hit by the 12 May 2008 Wenchuan Earthquake
and experienced widely distributed earthquake-induced
landslides. We proposed an integrated method that incor-
porates landslide triggering factors embedded in the
Newmark displacement computation and other environ-
mental factors, expressed as lithology, land-use type,
vegetation cover (Normalized Difference Vegetation
Index, NDVI), elevation, and profile and plan curvature, in
the analysis of earthquake-induced landslide hazards in the
study area. The earthquake-induced landslide inventory of
this area was obtained by visual interpretation of two high-
resolution SPOT-5 images before and after the earthquake.
We used GIS tools to generate an equal number of land-
slide and non-landslide cell samples in a 30-m grid map,
and assigned triggering and environmental variables to
each cell. A logistic regression model was built to inves-
tigate the occurrence of earthquake-induced landslides. The
results show that Newmark displacement (in which trig-
gering factors are embedded) and lithology (as an envi-
ronmental factor) were the two dominant variables
controlling landslide occurrence. Other environmental
factors, including NDVI, land-use type, and elevation, also
significantly affected landslide occurrences. Overall
81.2 % correctness was achieved in the regression model.
The results confirm the predictive power of our method,
which integrates both triggering and environmental factors
in modeling earthquake-induced landslides.
Keywords Earthquake-induced landslides 
Environmental factors  Triggering factors  Hazard
analysis  Newmark displacement  Wenchuan
earthquake
1 Introduction
Landslides, defined as the movement of a mass of rocks,
debris, or earth down a slope (Cruden 1991), globally cause
large numbers of casualties and enormous property losses
every year. Landslides can be triggered by different kinds
of external stimuli, such as intense rainfall, earthquakes,
and even some human activities. An earthquake can cause
a large number of landslides if it occurs in a mountainous
area, and can result in huge direct and indirect losses. For
example, the Wenchuan earthquake of 12 May 2008
(magnitude 7.9) caused 5,117 new landslides in Sichuan
Province, China that threatened 122 residential settlements
and caused a direct economic loss of 43.801 billion yuan
(7.2 billion USD) (NDRC-Ministry of Science and Tech-
nology/Expert Group on Earthquake Relief 2008).
Much research has been conducted on susceptibility
assessment of earthquake-induced landslides from a range
of perspectives, using different approaches. From the per-
spective of geomorphology, environmental factors describe
the external conditions under which various numbers and
sizes of slope failures may appear. It is crucial to build the
relationship between environmental factors and landslide
occurrence. Keefer (1984a, b) conducted field investiga-
tions and undertook a statistical study of earthquake-
induced landslides worldwide. He pointed out that
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earthquake-induced landslides often occurred in moun-
tainous regions with slopes [25, elevations [150 m,
recent erosion by a river or glacier, or severe breakdown of
rocks. This was a significant attempt to statistically quan-
tify the relationship between environmental factors (geo-
morphologic, geologic, and geographic) and landslide
occurrence. In recent decades, important progress has been
made by using regression analysis to investigate regional
susceptibility. Correlation was established between factors
representing topographic, geologic, and geographic fea-
tures and earthquake-induced landslides (Keefer 2000;
Baeza and Corominas 2001; Duman et al. 2006; Garcı´a-
Rodrı´guez et al. 2008, Garcı´a-Rodrı´guez and Malpica
2010; Hasegawa et al. 2008; Lee et al. 2008; Meunier et al.
2008; Lee et al. 2010). The hazard analysis of Wenchuan
earthquake-induced landslides conducted by Huang and Li
(2008) and Qi et al. (2009) also summarized the relation-
ship between the distribution of landslides and factors such
as lithology, local topography, and geomorphology based
on post-disaster field investigations and the interpretation
of remote sensing data.
Investigation of environmental factors is essential for
the hazard analysis of coseismic landslides, but the study of
triggering factors is also necessary. Ground shaking is an
important factor in triggering landslides, and it is investi-
gated widely from an engineering ecology perspective.
Keefer (1984a, b) summarized several characteristic rela-
tionships, including the relationship between the area
affected by earthquake-induced landslides and the magni-
tude of the earthquake, the relationship between the dis-
tance from the epicenter to the farthest landslide site and
the magnitude, and the relationship between the distance
from the farthest landslide site to the rupture zone and the
magnitude. Keefer also discussed the minimum seismic
intensity experienced at the landslide locations. Newmark
(1965) published a method to calculate rigid block sliding
displacement, which established the relationship between
ground motion parameters and rigid body displacement.
The Newmark method is a widely accepted engineering
geology approach for analyzing earthquake-induced land-
slides. Newmark displacement measures rigid block sliding
displacement and is computed based on seismic motion,
soil and rock properties, and topographic information. The
calculated Newmark displacement can be used for assess-
ing the probability of landslide occurrence. Landslide
occurrences also can be statistically linked to regional
geomorphology, geology, and geography based on various
environmental variables. One successful example of
applying Newmark’s method was the Wilson and Keefer
(1983) study of an earthquake-induced landslide during the
1979 California earthquake in the United States. In their
study, the Newmark displacement of points within the
landslide, calculated from seismic data, is consistent with
the measured displacement. Continued use of Newmark
analysis led to a simplification of the method by Jibson
(1993), which approximates Newmark displacements from
landslide critical acceleration and earthquake shaking
intensity. Later, Jibson et al. (2000) adopted ARC/INFO
Geographic Information System (GIS) software to estimate
coseismic landslide displacements within each grid cell of
a given area of interest. This enabled the construction of
probability curves that relate predicted displacement to the
probability of slope failure. The HAZUS Multi-hazard
Loss Estimation Methodology Earthquake Model (FEMA
2003), developed by the U.S. Federal Emergency Man-
agement Agency (FEMA), uses a similar method to gen-
erate a spatial distribution of landslide hazard factors. The
significance of Newmark displacement analysis is that it
combines slope geometry, geological attributes, and
earthquake ground motion parameters into a single-valued
physical concept. If this value exceeds a certain threshold
(usually 5–10 cm), the possibility of landslides on a slope
increases dramatically. Newmark displacement values can
successfully explain the triggering factors of earthquake-
induced landslides (Rajabi et al. 2011; Rodriguez-Peces
et al. 2011).
The research presented in this article integrates both
triggering and environmental factors in a regression model
to predict the occurrence and distribution of landslides after
a major earthquake. This regression model also helps us
differentiate the contribution of various factors, and more
importantly, analyzes the predictive power of the model
when both triggering and environmental factors are
considered.
The rest of this article is organized as follows. Section 2
describes the study area. In Sect. 3, we introduce the
method used for the analyses and the data for both the
triggering and the environmental factors, and present the
regression model and its input variables. We focus on a
discussion of the regression results in Sect. 4 and present
conclusions in Sect. 5.
2 Study Area
The magnitude 7.9 Wenchuan earthquake of 2008 directly
affected northeastern Sichuan, southern Gansu, and
southwestern Shanxi Provinces of China. It caused a large
number of casualties and significant property losses in the
affected areas. The epicenter of the event was in Wenchuan
County, which experienced extreme shaking with an
intensity of XI. The earthquake was one of the most severe
geological disasters in Chinese history.
The study area is located in the vicinity of the towns of
Nanba, Shuiguan, and Bazi in Pingwu County, Mianyang,
Sichuan. The area lies 180 km northeast of the Wenchuan
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Fig. 1 Earthquake affected area
(a), Pingwu County (b), and the
study area with landslide
incidents (c). DEM digital
elevation model. Source:
Chinese Academy of Sciences
(n.d.)
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earthquake epicenter, and contains zones that were affected
by seismic intensities of IX, X, and XI, as shown in Fig. 1.
It consists of mountainous topography with elevations
ranging from 671 to 2,667 m. The Fujiang, Hongxigou, and
Sunjiagou Rivers flow through the area (Fig. 1). A large
number of landslides triggered by the Wenchuan earth-
quake in this area occurred along the highways and rivers.
Pingwu County experiences a northern subtropical
mountainous humid monsoon climate, characterized by
four distinct seasons as well as cloudy but not very foggy
weather. The annual average temperature is 14.7 C, with
an extreme high of 37 C and an extreme low of -7 C.
The annual average precipitation is about 800 mm.
3 Methods and Data
This section introduces the data used in this study including
the inventory of landslides caused by the Wenchuan
earthquake, the variables (seismic acceleration, slope
angle, soil properties, and so on) used for Newmark dis-
placement calculation, and other environmental factors that
contributed to the occurrence of landslides. Methods of
calculating Newmark displacement and integrating all
factors into a regression model are both presented and
discussed.
3.1 Landslide Inventory
Landslides susceptibility research was severely hampered
by the deficiency of landslide inventory data in the past
(van Westen et al. 2006; Lee 2009; Wasowski et al. 2011).
With the rapid advancement of remote sensing technolo-
gies and applications, many researchers have successfully
employed remote sensing images and interpretation meth-
ods to generate and expand landslide inventories (Sarkar
and Kanungo 2004; Nichol and Wong 2005; Tralli et al.
2005; Proske et al. 2008; Jaiswal et al. 2011; Yang et al.
2013). In this article, an event-based landslide inventory
has been built for our study area by visual interpretation of
two SPOT-5 satellite composite images acquired on 5
September 2006 and 4 June 2008. The former image was
taken before the Wenchuan earthquake main shock and the
latter shortly after. To ensure reliability and accuracy of the
landslide inventory maps, we compared the Wenchuan data
with landslide data sets compiled by the China Institute of
Geo-Environment Monitoring (2009) and Xu and Li
(2010), and conducted field investigations in the study area
in 2011 and 2012. The final landslide inventory map is
shown in Fig. 2. Figure 2b shows the overall landslides
distribution in the study area compared with the same area
before the earthquake, as shown in Fig. 2a. Figure 2d
shows the zoomed-in sample area with landslides details
compared with the same area before the earthquake, as
shown in Fig. 2c.
3.2 Newmark Displacement
We adopted the methodology proposed by Jibson et al.
(1998, 2000) to generate a map of the factor of safety (FS)
for the study area. The factor of safety was computed based














is effective cohesion, /0 is effective friction angle,
a is slope angle, c is material unit weight, cw is the unit
weight of water, t is slope-normal thickness of the failure
slab, and m is the proportion of slab thickness that is
saturated.
A 30-m digital elevation model (DEM), downloaded
from the International Scientific Data Service Platform
(Chinese Academy of Sciences n.d.), was used to generate
a slope map in the study area. Representative values of the
frictional and cohesive components of soil shear strength
were assigned to each geologic unit. The values of shear
strength for soils in the study area were determined based
on: (1) a soil database assembled by the Nanjing Institute
of Soil Science, Chinese Academy of Sciences, which is
the standard for classification of soil texture in China (Li
et al. 2003), and (2) referenced data from the engineering
manual for that particular area (Liu et al. 2011). The value
of t was set as 2 m and c was set as 16 kN/m3 by con-
sidering the average property of soil components in the
study area; groundwater depth was not taken into account
(Li et al. 2003; Liu et al. 2011). Using Eq. 1, a factor of
safety map (Fig. 3a) was generated using ARC/INFO GIS
software. Grid cells with slopes less than 5 were not
analyzed.
Critical acceleration is a function of the FS and slope
angle, and it can be calculated by Eq. 2,
ac ¼ FS  1ð Þg sin a ð2Þ
A map of critical acceleration for the study area is
shown in Fig. 3b.
Arias intensity, Ia, is a comprehensive measure of
ground shaking intensity developed by Arias (1970), Jibson
(1993). Mathematically, Ia is the integral of the square of








where a(t) is the ground acceleration as a function of time
and usually is recorded by strong motion seismographs
during earthquake events. Alternatively, there are empirical
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estimations of Ia that are made using earthquake magnitude
and source distance. In this paper, Ia was calculated
according to the equations in Jibson (1993) and Wang et al.
(2010):
Ia ¼ 0:9Ta^2 ð4Þ
Log T ¼ 0:432M  1:83 ð5Þ
where T is duration, a^ is PGA (peak ground acceleration),
and M is unspecified earthquake magnitude. The PGA of
Zhou (2008) was adopted for these calculations.
One method for determining the Newmark displacement
is to take the double integral of the seismic motion time-
history that exceeds the critical acceleration. However, it
requires seismic motion data recorded from the stations
close to the study areas, which may not be always avail-
able. An alternative method is to use empirical formulas—
for example, the ones proposed by Jibson (1993) and Jib-
son et al. (1998), in which the Newmark displacement is a
function of critical acceleration and Arias intensity.
Recently, Hsieh and Lee (2011) modified and developed
the empirical formulas for global soil-site and rock-site
applications. In this article, we use the one for soil-sites
(Hsieh and Lee 2011):
log Dn ¼ 0:802 log Ia  10:981Ac þ 7:377Ac log Ia þ 1:914
ð6Þ
Newmark displacement in the study area is shown in
Fig. 3c.
In order to quantify the relationship between the cal-
culated Newmark displacement and slope failure proba-
bility, we grouped grid cells into ten bins according to the
values of the Newmark displacement (Dn) using the geo-
metrical classification method from ARC/INFO. The
probability of slope failure was calculated based on the
proportion of the cells with landslides occurrence in each
bin. As shown in Fig. 4, the result indicates that the
probability of slope failure increases as Dn increases,
especially when Dn lies in the first few bins where the Dn
values are relatively small. A similar trend was also
observed in the fitted curve of Jibson et al. (1998). But the
probability of slope failure in this study area is in general
smaller than in Jibson’s result for all Newmark displace-
ment levels. This suggests that in addition to Newmark
displacement, other environmental factors characterizing
regional geomorphologic and geographic profiles may also
contribute to the landslides occurrence and distribution.
Fig. 2 Landslide inventory map for the study area. SPOT-5 com-
posite image from 5 September 2006 (a); SPOT-5 composite image
from 4 June 2008 (b); Sample area of the SPOT-5 composite image
from 5 September 2006 (c); Sample area of the SPOT-5 composite
image from 4 June 2008 (d)
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Fig. 3 Map of factor of safety
(a), critical acceleration (b), and
Newmark displacement (c)
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3.3 Environmental Factors
In this study we examined the following environmental
factors that are identified in the literature (Keefer 2000;
Baeza and Corominas 2001; Duman et al. 2006; Garcı´a-
Rodrı´guez et al. 2008; Garcı´a-Rodrı´guez and Malpica
2010; Hasegawa et al. 2008; Lee et al. 2008; Meunier et al.
2008; Lee et al. 2010) as possible landslide contributing
factors: elevation (Digital Elevation Model, DEM), lithol-
ogy, vegetation cover (represented by NDVI), land use,
terrain roughness, relief degree of land surface (RDLS),
profile curvature, and plan curvature. Lithology and land
use are categorical variables, and the others are continuous
variables. NDVI was obtained from the SPOT-5 satellite
image taken on 5 September 2006 before the Wenchuan
earthquake. The lithology variable was assigned based on
the 1:2,500,000 geological map. Land-use information was
obtained from the 1:500,000 Land Use Map of China.
Terrain roughness, RDLS, profile curvature, and plan cur-
vature were computed from the 30 9 30 m DEM.
For all the continuous variables, we used the original
values as the input for the regression model. For the
nominal variables, two methods are usually used. One is to
create a dummy variable for each of the (n - 1) classes of
the nominal variable; this is effective but creates too many
new variables (Choi et al. 2012; Lee 2004). Another
method is to code the classes of the variable according to
existing knowledge or expert experience (Carrara 1983;
Ayalew and Yamagishi 2005; Nandi and Shakoor 2009;
Bai et al. 2010). In this study, we adopted the second
method and transformed the two nominal variables into
landslide density, which is defined as:




Assuming one variable has N classes. Ai is the number of
all pixels in the i-th class, and Bi is the number of all
landslide pixels in the same class. Table 1 shows the
transformed results of the two nominal variables, and the
normalized rate was used in the analysis to represent the
values of the different classes of the Land use and
Lithology variables. Maps of the environmental variables
are shown in Fig. 5.
3.4 Regression Model
In this study, we aimed to distinguish between the influence
of the triggering and environmental factors on the occur-
rence of earthquake-induced landslides. A logistic regres-
sion model (Lee 2004; Bai et al. 2010; Choi et al. 2012)
was used to characterize the relationship between landslide
occurrence (a binary variable) and the triggering and
environmental factors.
The logistic model can be expressed as P ¼ 1
1þez, where
P is the occurrence probability ranging from 0 to 1; z is the
regression equation, z = b0 ? b1x1 ? b2x2 ?  ? bnxn,
for which the value varies from -? to ??; b0 is the
intercept of the model, xi is the ith independent variable,
and bi is the slope coefficient (or estimate) of the model for
the variable xi. Automatic spatial random sampling in
Fig. 4 Probability of slope failure as a function of Newmark
displacement
Table 1 Classification and transformation of the nominal variables
Variables Class Failed Pixels Total Pixels Rate Normalized Rate
Land use Farmland 1,451 125,239 0.012 0.096
Wooded area 3,603 238,109 0.015 0.125
Grassland 5,551 70,487 0.079 0.650
Residential land 13 831 0.016 0.129
Lithology 1. Cambrian and Ordovician systems 9,749 155,828 0.063 0.786
2. Devonian system/limestone, mudstone, Quartz sandstone 0 21,826 0 0
3. Mesoproterozoic/huili group,yanbian group 4 7,579 0.001 0.007
4. Monzonitic granite 56 5,478 0.010 0.128
5. Silurian system/killas, phyllite, tuff 625 178,136 0.004 0.044
6. Upper proterozoic/sinian system 185 65,782 0.003 0.035
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ARC/INFO was applied to the areas without landslide to
generate the same number of non-landslide samples as
landslide samples, and the two sample datasets were used
as the input of the regression model.
Collinearities among all the variables used in the
regression model must be checked because the existence of
highly correlated predictor variables can result in inaccu-
rate prediction. A multicollinearity diagnosis for the linear
regression was performed using the Statistical Package for
the Social Sciences (SPSS). The values of the tolerance
level (TOL) and the variance inflation factor (VIF) are
shown in Table 2. The results indicate that all the tested
variables except terrain roughness and RDLS passed the
multicollinearity diagnosis at a tolerance level of at least
0.7. The variables terrain roughness and RDLS are exclu-
ded from the regression model since their tolerance levels
are \0.7.
4 Results
We used a forward stepwise method to generate the regres-
sion model. The profile curvature variable was excluded in
the regression, even though it did pass the multicollinearity
diagnosis. Therefore, the final regression model includes six
explanatory variables, and the results are shown in Table 3.
Higher Wald statistics imply a more significant contribution
to the cause of a landslide. The significant levels show that all
the variables are statistically significant in the model. The
final Cox and Snell R2 and Nagelkerke R2 reached 0.408 and
0.544 respectively, which indicates a fairly good explanation
for the landslide occurrence. The overall percentage of cor-
rectness of the model reached 81.2 %. This model can further
be used to compute the susceptibility of regional landslide
caused by earthquakes.
The Wald statistics indicate that lithology, as an envi-
ronmental factor, is statistically the most significant factor in
explaining landslide occurrences, followed by the natural
logarithm of Newmark displacement. This implies that the
Newmark displacement method suggested for regional-scale
seismic hazard mapping needs to be incorporated with other
environmental factors (that is, lithology types) in an inte-
grated model. Although it is confirmed that greater Newmark
displacements lead to a higher chance of landslide occur-
rence, lithology may dominate the regional distribution of
coseismic landslides. This is particularly important if studied
regions have significant geographic variation in lithology
and other environmental factors that can significantly influ-
ence the regional formation and spatial distribution of
landslides for a given triggering intensity.
Land use, NDVI, DEM, and plan curvature are also
statistically significant. Lower NDVI leads to higher like-
lihood of landslides. Areas covered by forest tend to have
fewer landslides. Local surface terrain (DEM and plan
curvature) also contributes to landslide occurrence, but the
effects are relatively minor when compared with lithology
and Newmark displacement.
5 Conclusion
Much research has been undertaken in the field of sus-
ceptibility assessment of earthquake-induced landslides on





Land use 0.848 1.179
Profile curvature 0.847 1.180
Plan curvature 0.872 1.147
Lithology 0.707 1.414
Ln(Dn) 0.944 1.060











Lithology 3.795 0.067 3,175.112 \0.01 0.415 0.554 81.2 %
Ln(Dn) 0.570 0.014 1,740.813 \0.01
Land use 2.190 0.076 833.346 \0.01
NDVI -3.975 0.236 283.224 \0.01
DEM 1.062 0.074 205.086 \0.01
Plan curvature -0.504 0.053 90.799 \0.01
Constant -3.258 0.127 657.530 \0.01
bFig. 5 Maps of environmental factors (Lithology types in a 1
Cambrian and Ordovician systems, 2 Devonian system/limestone,
mudstone, Quartz sandstone, 3 Mesoproterozoic/huili group, yanbian
group, 4 Monzonitic granite, 5 Silurian system/killas, phyllite, tuff, 6
Upper proterozoic/sinian system)
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the basis of Newmark displacement calculation. In these
cases, certain assumptions (that is, rigid block movement)
are made to simplify the slope condition and facilitate
practical calculations. Inevitably, such simplifications may
neglect some environmental factors that are not embedded
in the Newmark displacement calculation but that can
dominate regional landslide formation. Previous research
has confirmed that Newmark displacement, which com-
bines seismic motion, soil properties, and slope geometry,
plays an essential role in the occurrence of landslides. The
approach of incorporating both triggering and environ-
mental factors to create a more accurate forecast and
assessment tool was attempted in this study by using a
logistic regression model. In the model, we further differ-
entiated the influence of Newmark displacement and other
environmental factors on landslides occurrence. The results
show that Newmark displacement (as a variable in which
triggering factors are embedded) and lithology (as a pri-
mary environmental factor) equally dominated the regional
formation and distribution of landslides induced by the
Wenchuan earthquake in the study area. Many other
environmental factors such as land use, NDVI, DEM, and
plan curvature also significantly affected the susceptibility
of the region to landslides. This integrated approach has
proved to be effective and has enabled the practical ana-
lysis of the hazards of regional earthquake-induced land-
slides by fully considering the joint effects of both the
earthquake and the regional environment.
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